A clustering approach to domestic electricity load profile 4 characterisation using smart metering data h i g h l i g h t s 14 15 We characterise diurnal, intra-daily, seasonal and between customer electricity use. 16 A series of profile classes reflective of home electricity use are constructed. 17 We examine the influence of household characteristics on patterns of electricity use. The availability of increasing amounts of data to electricity utilities through the implementation of 33 domestic smart metering campaigns has meant that traditional ways of analysing meter reading informa-34 tion such as descriptive statistics has become increasingly difficult. Key characteristic information to the 35 data is often lost, particularly when averaging or aggregation processes are applied. Therefore, other 36 methods of analysing data need to be used so that this information is not lost. One such method which 37 lends itself to analysing large amounts of information is data mining. This allows for the data to be seg-38 mented before such aggregation processes are applied. Moreover, segmentation allows for dimension 39 reduction thus enabling easier manipulation of the data. 40 Clustering methods have been used in the electricity industry for some time. However, their use at a 41 domestic level has been somewhat limited to date. This paper investigates three of the most widely used 42 unsupervised clustering methods: k-means, k-medoid and Self Organising Maps (SOM). The best per- 43 forming technique is then evaluated in order to segment individual households into clusters based on 44 their pattern of electricity use across the day. The process is repeated for each day over a six month period 45 in order to characterise the diurnal, intra-daily and seasonal variations of domestic electricity demand. 46 Based on these results a series of Profile Classes (PC's) are presented that represent common patterns 47 of electricity use within the home. Finally, each PC is linked to household characteristics by applying a 48 multi-nominal logistic regression to the data. As a result, households and the manner with which they 49 use electricity in the home can be characterised based on individual customer attributes. 
Introduction

55
Throughout the European Union, there has been a move 56 towards smarter electricity networks, where increased visibility 57 over electricity generation and consumption has been achieved 58 with the installation of Advanced Metering Infrastructure (AMI). 59 Smart metering is part of this and is seen as a necessary component 60 to achieve the average for all customers contained within the same class.
122
Other statistical techniques consist of using descriptive statistics 123 and probability [10] [11] [12] [13] [14] [15] [16] as well as regression [17] [18] [19] [20] [21] [22] characteristics that influenced electricity use within the home [56] .
260
Exp½Bðodds ratioÞ ¼ log pðxÞ 
Results and discussion
270
The following section presents results and discussion for each 271 stage of the methodology described in Section 4. clusters, however, as this would lead to highly aggregated PC's like 283 that described in Section 2, more than two segments was sought.
284
The dataset was divided into nine clusters based on 3 Â 3 hex- 
Electricity load PC characterisation
300
In total, ten PC's were produced using the methodology The seasonal component to the classes is illustrated in Fig. 8 
Profile Class 3 (PC3)
